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ABSTARCT

Background: With the potential to improve illness identification across many imaging modalities, deep learning
(DL) models have being used more and more in pulmonary diagnostics. This meta-analysis looks at how well DL
algorithms can find lung cancer, TB, and pneumoconiosis.

Methods: Six eligible studies involving DL applications in chest X-ray and histopathology were analysed. Data
included AUC values, sample sizes, disease types, model architectures, and dataset sources. A Summary ROC
(SROC) curve and meta-regression were used to explore performance trends and sources of heterogeneity.
Results: Good diagnostic performance was shown by the included studies' AUC values, which varied from 0.86
to 1.00. The model by Panda et al. (2024), applied to histopathology for lung cancer detection, achieved a perfect
AUC of 1.00, while Lee et al. (2020) attained an AUC of 0.99 in a large-scale X-ray-based lung cancer screening.
Li et al. (2024) achieved an AUC of 0.947 with 100% sensitivity for pneumoconiosis detection. Meta-regression
revealed that higher AUCs were associated with larger sample sizes, public dataset use, and specific model types
such as ResNet. Disease type also contributed significantly, with lung cancer models outperforming those for
tuberculosis and pneumoconiosis. A color-coded scatterplot further demonstrated the clustering of high-
performing models in lung cancer with large datasets, while TB models showed moderate AUCs with smaller
datasets.

Conclusion: Deep learning models, particularly those applied to lung cancer detection using chest X-ray and
histopathology, exhibit high diagnostic accuracy and clinical promise. Variability in performance underscores the
influence of dataset size, modality, disease type, and model architecture. To facilitate incorporation into clinical
processes, future studies should concentrate on demographic diversity, interpretability, and real-world validation.

KEYWORDS: Deep learning, pulmonary diagnostics, meta-analysis, lung cancer, tuberculosis, pneumoconiosis,
AUC, imaging Al, chest X-ray, histopathology.

INTRODUCTION

Lung illnesses are still one of the main causes of illness and death across the globe, which puts a lot of stress on
healthcare systems everywhere. (Soriano et al., 2020). Tuberculosis, lung cancer, pneumonia, and chronic
obstructive pulmonary disease (COPD) are still hard for doctors to treat since they might show up later and have
symptoms that are similar to those of other diseases. Improved patient outcomes and successful management
depend on an early and precise diagnosis. (Agarwal & colleagues, 2023). However, traditional diagnostic
methods, including physical examinations, pulmonary function tests, radiological imaging, and laboratory
evaluations, are often limited by subjectivity, inter-observer variability, and the need for highly skilled
interpretation.(Ponce et al., 2023)

Deep learning (DL) in the field of artificial intelligence (AI) has become a groundbreaking tool for medical
imaging and diagnosing illnesses in the last few years. (Pinto-Coelho, 2023) Deep learning, a branch of machine
learning that is based on how neural networks operate in the human brain, has done very well in tests that include
recognizing patterns and sorting images. (M. Lietal.,2023) In particular, convolutional neural networks (CNNs)
have been utilized more and more to look at CT scans, chest X-rays, and other types of pictures related to lung
health with tremendous speed and accuracy. These models improve diagnostic accuracy and decision-making by
identifying minute patterns and characteristics that would be difficult for the human eye to see. (Low, Serena, and
others, 2021).
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Even though more and more studies are showing how useful DL is for pulmonary evaluation, the data is still
inconsistent. (Migliori and others, 2021). Variations in study design, dataset quality, model architecture, and
evaluation metrics have led to inconsistent findings regarding the clinical utility and generalizability of these Al-
based approaches. (Ennab & Mcheick, 2024) Furthermore, concerns remain about the lack of external validation,
interpretability, and integration into routine clinical workflows. As such, there is a pressing need to systematically
evaluate the existing literature to determine the true impact and limitations of DL in lung health assessment.
(Salahuddin et al., 2022)

Background and Significance

Lung health is particularly important for general health and productivity in low- and middle-income nations, where
smoking, pollution, work-related dangers, and infectious diseases are all on the rise. (Meghji and others, 2021).
According to estimates from the World Health Organisation (WHO), lung infections, asthma, and COPD account
for almost 10% of all fatalities worldwide. Lung cancer is also the most common cause of cancer deaths
throughout the globe, and it is generally detected at an advanced stage since it is hard to identify early. These
figures highlight the pressing need for more sophisticated, easily available, and precise diagnostic instruments.
(Levine and others, 2021).

Over the last decade, digital health technologies have become increasingly integrated into clinical care. Among
them, medical imaging continues to be essential for the diagnosis and tracking of lung diseases. (Long and others,
2023) CT scans and chest X-rays are often used to test for and assess respiratory disorders. However, interpreting
these images demands significant expertise and time, and results are susceptible to human error, particularly in
resource-constrained settings with a shortage of trained radiologists.(Calli et al., 2021)

With the rise of big data and computer power, artificial intelligence (AI) has become a fundamental part of smart
diagnostics. Because deep learning in Al can automatically extract complicated characteristics from vast datasets
without human intervention, it has completely changed image-based diagnostics. In 2025, Rashidi et al. The
convolutional neural network (CNN), which processes spatial hierarchies in pictures by simulating the human
visual cortex, is the most used DL architecture in medical image analysis. CNNs have shown remarkable
performance in identifying disease patterns, segmenting anatomical structures, and predicting outcomes from
medical images.(Rayed et al., 2024)

In the domain of pulmonary diagnostics, DL algorithms have been trained on massive datasets such as the NIH
ChestX-rayl4, MIMIC-CXR, and LIDC-IDRI. These models are now being developed for a variety of purposes,
including prognosis prediction, disease localisation, progression monitoring, and multi-label categorisation of
particular lung disorders, in addition to binary classification (e.g., sick vs. healthy). (Rehman et al., 2023)
Moreover, DL has shown utility in facilitating computer-aided diagnosis (CAD) systems, providing second-
opinion decision support in both hospital and telemedicine settings.(Yeasmin et al., 2024)

Despite this rapid advancement, real-world adoption of DL models in lung health is still in its infancy. A number
of barriers remain, including concerns around algorithm transparency, explainability (black-box models), training
data bias, regulatory compliance, and ethical considerations.(Biswas, 2024) There is also a lack of uniformity in
how DL model performance is reported and validated across studies. This limits clinicians' confidence in
deploying such tools in practice, particularly for high-stakes decisions involving critical pulmonary
illnesses.(Rasheed et al., 2022)

Emerging Role of Deep Learning in Pulmonary Health Assessment

The rapid expansion of artificial intelligence (AI), especially deep learning (DL), has caused a big change in how
healthcare diagnostics work during the last ten years. Deep learning, which is a kind of machine learning that
uses artificial neural networks and representation learning, has made huge strides in image identification, natural
language processing, and predictive analytics. In 2021, Anaya-Isaza et al. In the realm of pulmonary medicine,
DL is quickly becoming a potent instrument that may complement—and in some situations, even outperform—
human performance in evaluating lung health. (Hroub and others, 2024)

Imaging methods like computed tomography (CT) scans and chest radiography are widely used to find lung
problems such pneumonia, lung cancer, TB, and chronic obstructive pulmonary disease (COPD). Even though
these methods provide very detailed pictures of the lungs, only trained radiologists and clinicians can usually
figure out what they mean. It may take a long time to manually evaluate these photographs, and there may be
differences between and between observers, particularly in busy clinical environments. Convolutional neural
networks (CNNs), which are the most well-known DL-based models, have been shown to accurately find,
categorize, and even localize lung diseases in medical pictures (Tarnoki et al., 2024). Sarvamangala and Kulkarni,
2021.

One of the most promising applications of DL in pulmonary health assessment is in automated image
interpretation. CNNs trained on large-scale annotated datasets can recognize complex patterns in chest X-rays and
CT images that may be subtle or missed by human observers.(Yao et al., 2025) For example, DL algorithms have
shown good sensitivity and specificity in identifying diseases including pneumothorax, pleural effusion,
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interstitial lung disease, and pulmonary nodules. In addition to binary classification (diseased vs. healthy), these
technologies may also classify data into many classes, which allows for the simultaneous identification of several
illnesses. Additionally, DL enables segmentation of lung regions, facilitating volumetric analysis and monitoring
disease progression over time.(Mostafa et al., 2022)

In addition to static image interpretation, DL is being investigated for prognostic modelling in the treatment of
lung diseases. Recurrent neural networks (RNNs), transformers, and hybrid models are now being trained to
predict clinical outcomes based on longitudinal data, such as changes in imaging over time or integration with
electronic health records (EHR). Jiang and associates, 2023. Particularly in critical care and emergency situations,
these prediction models may be able to detect patients who are at danger of worsening, guide individualised
treatment regimens, and optimise resource allocation.

DL has been very helpful in low-resource settings and during public health emergencies like as the COVID-19
epidemic. During the pandemic, several studies demonstrated the rapid development of DL models that could
differentiate COVID-19 pneumonia from other viral or bacterial pneumonias with impressive accuracy using chest
imaging. These models helped overcome the shortage of radiologists and reduced the burden on overstrained
healthcare systems.(Thangaraj et al., 2023)

The scalability and versatility of DL in pulmonary diagnostics is another important advantage. DL models are
ideal for use in screening programs, mobile health units, and telemedicine because, once trained, they can analyse
massive amounts of data reliably and rapidly. They also support decision-support systems, providing clinicians
with risk scores, heatmaps, and confidence intervals to enhance interpretability and trust.(Damasevicius et al.,
2024)

The development of DL in pulmonary health is not without difficulties, nevertheless. Concerns about data privacy,
algorithmic bias, explainability, and generalizability across diverse populations remain major barriers to
widespread clinical adoption. Predictions in under-represented communities may be skewed since the majority of
models are trained on publically accessible information that may not be demographically diverse. Furthermore,
many DL models are "black-box" in nature, which begs the issue of how judgements are made, particularly in
situations when life is at stake. (Malhotra and Mohammed, 2025)

In response, recent advances in explainable AI (XAI) and federated learning are being integrated into DL systems
to enhance transparency and protect patient data while maintaining performance. Meanwhile, regulatory bodies
and health institutions are increasingly emphasizing the need for external validation, clinical trials, and real-world
deployment studies to establish the safety and efficacy of DL applications. (Mennella et al., 2024)

Advancements in Al for Lung Health: A Review Perspective

The combination of pulmonary medicine with artificial intelligence (AI) has led to substantial advancements in
the evaluation, diagnosis, and treatment of lung health. Artificial intelligence (AI) encompasses several subfields,
including reinforcement learning, natural language processing (NLP), traditional machine learning (ML), and
hybrid intelligent systems, all of which have advanced lung health assessment capabilities, despite recent research
concentrating on deep learning (DL). Al-Anazi and colleagues (2024)

Rule-based expert systems were one of the earliest uses of artificial intelligence (AI) in pulmonology. They
employed known clinical principles to find disorders including asthma and chronic obstructive pulmonary disease
(COPD). But these systems weren't flexible enough to work with data that was high-dimensional or intricate.
(Wu et al., 2024) The rise of machine learning models like support vector machines (SVM), decision trees, and
random forests made it possible to build systems that were more adaptable, could learn from big datasets, and
became better over time. Somvanshi et al. (2017).

In recent years, Al applications in lung health have expanded across multiple domains:

o Imaging Analysis: Beyond deep learning, traditional ML techniques have been used to analyse radiographic
images for nodule detection, lung segmentation, and severity scoring. Hybrid approaches combining ML and DL
are increasingly being explored to improve interpretability and efficiency. (Thanoon et al., 2023)

e Pulmonary Function Testing (PFT): Al algorithms have been used to interpret spirometry and other lung
function data. These models can flag inconsistent effort, detect obstructive or restrictive patterns, and even suggest
differential diagnoses based on waveform patterns. (Saad et al., 2025)

e Predictive Modelling: Al is becoming more and more important in predicting the course of diseases and risk
stratification. Algorithms trained on electronic health records (EHR), clinical parameters, and imaging data can
forecast the likelihood of hospitalization, acute exacerbations, or mortality in patients with chronic lung diseases.
(Dixon et al., 2024)

e Natural Language Processing (NLP): Vital information is extracted from unstructured clinical notes,
radiological reports, and pathology data using natural language processing (NLP) approaches. For example, NLP
can assist in cohort identification for research or automate the triaging of radiology findings by prioritizing critical
cases like suspected lung cancer.(Cai et al., 2016)

Genetics and Molecular Research 25 (4s): 2026 3



e Wearables and Remote Monitoring: Al-powered data processing from wearable technology and household
sensors, including respiratory rate monitors, smart inhalers, and pulse oximeters improves telemedicine services
and encourages the early diagnosis of respiratory problems.(Shajari et al., 2023)
e COVID-19 Response: An explosion of Al-powered lung health products was sparked by the epidemic. A
number of models were quickly created to identify COVID-19 pneumonia from CT scans or chest X-rays, forecast
patient decline, and help allocate resources. The crisis also accelerated the acceptance of Al as a viable tool in
both high- and low-resource settings.(Laino et al., 2021)
Despite these encouraging advancements, there are still a number of obstacles to overcome before Al can be fully
incorporated into clinical practice. These include data privacy concerns, lack of standardization, model
interpretability, and regulatory uncertainty. Furthermore, many Al systems are trained on retrospective datasets,
limiting their real-time applicability and generalizability across populations.(Ahmed et al., 2023)
However, a favourable trend is indicated by the ongoing development of Al technologies, the growing
accessibility of large, annotated datasets, and advancements in computing infrastructure. Multimodal Al models
that combine imaging, clinical, genomic, and environmental data are being developed to provide a more holistic
view of lung health. Collaborative efforts between data scientists, clinicians, regulatory bodies, and industry
partners are essential to translating these innovations into real-world impact.

"Bridging AI and Pulmonary Medicine: The Case for Deep Learning':

Bridging Al and Pulmonary Medicine:
The Case for Deep Learning

Key Potential of Deep Learning » Pulmonary

Medicine

High-accuracy detection:
« |dentifies pneumonia, lungndules, fibrosis, TB
with >90 % sensitivity/specificity

O Clinical decision support:
« Assists radiologists a pulmonologists with
automated image interpretation

Workflow efficiency:
« Reduces reporting time and supports triaging
in high-volume settings

Remote Diagnostics:
« Enables Al-powered screning in underserved
and rural areas

Current Challenges in Clinical Integration

on limited, non-delverse datasets

Generalizability issues: Performance drops across

different populations or imaging systems

Regulatory barriers: Concerns over explainability,
0 safety, and legal responsibility

Data privacy: Patient data sensitivity and

compliance (e.g. GDPR. HIPAA)

Clinician trust & training: Low adoption due to
() limited Al literacy and model transparency

0 Lack of external validation: Most models trained

Deep learning (DL) has shown significant promise in enhancing pulmonary diagnostics through early disease
detection, automated image interpretation, workflow optimization, and remote diagnostics. Its ability to identify
lung pathologies such as nodules, pneumonia, and fibrosis with high accuracy makes it a valuable tool in clinical
decision support systems, especially in resource-limited settings.(Yadav et al., 2024) The absence of external
validation, restricted generalisability across populations, legal obstacles, data privacy issues, and the need for
interoperable systems are some of the major obstacles to integrating DL into practical application. Furthermore,
broad adoption is hampered by clinician mistrust stemming from the "black-box" nature of DL models and
inadequate training in Al deployment. (F. Li and others, 2025) Addressing these barriers requires interdisciplinary
collaboration, transparent model development, and standardized validation protocols. With appropriate integration
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strategies and regulatory frameworks, DL can effectively bridge gaps in pulmonary care and support clinicians in
delivering more precise, timely, and equitable healthcare.(Chong et al., 2025)

Deep Learning in Lung Disease Diagnostics: Need for Systematic Evaluation

The fast use of deep learning (DL) technology in lung disease detection has opened up new possibilities for clinical
decision support, medical imaging interpretation, and patient risk assessment. Saha and associates, 2023 Deep
learning models, especially convolutional neural networks (CNNs), can find and sort a lot of lung problems with
amazing accuracy. These problems include TB, pneumonia, pulmonary nodules, pleural effusion, fibrosis, and
lung cancer. These models frequently do better than standard machine learning methods because they can learn
hierarchical picture features from raw data without needing to do any explicit feature engineering. Jasmine
Pemeena and Priyadarsini, 2023

DL algorithms have shown great diagnostic performance in a number of studies; some have even achieved
sensitivity and specificity rates of over 90% in the classification of chest CT and X-ray images. (Aggarwal and
others, 2021). Additionally, deep learning is being explored for its ability to localize disease regions, quantify
disease burden, and predict clinical outcomes. These advancements are particularly valuable in settings where
radiologist availability is limited, such as rural hospitals, public health clinics, or during large-scale health
emergencies like the COVID-19 pandemic.(Sharma et al., 2024)

The clinical translation of DL models is still restricted despite these encouraging developments, mainly because
there isn't a thorough and consistent assessment of the body of research. The published literature on DL in
pulmonary diagnostics is highly heterogeneous in terms of dataset types, image quality, disease categories,
annotation protocols, model architectures, and evaluation metrics.(Ahmad et al., 2025) Many studies utilize
different outcome definitions, vary in inclusion criteria, and apply distinct preprocessing and augmentation
techniques, making direct comparison between studies difficult.(Maharana et al., 2022)

Moreover, internal validation without external benchmarking is a common limitation. Several high-performing
models are trained and tested on the same or similar datasets, raising concerns about overfitting and limited
generalizability. The lack of thorough external validation on separate datasets or across other demographics erodes
trust in these models' suitability for use in actual clinical settings.

The lack of openness in model creation and reporting is another issue. Results are presented inconsistently since
many studies do not follow recognised Al reporting criteria as CONSORT-AIL TRIPOD-AI, or CLAIM (Checklist
for Artificial Intelligence in Medical Imaging). This inconsistency makes it difficult for clinicians, researchers,
and policymakers to assess the reliability, reproducibility, and potential biases of the findings.(S. H. Park & Suh,
2024)

Furthermore, while DL models often demonstrate high diagnostic accuracy, they rarely incorporate clinical
context, such as patient history, symptoms, or laboratory results. The over-reliance on image data alone can limit
clinical interpretability and decision-making, especially in complex or atypical presentations of disease.(Krishnan
et al., 2023)

A thorough assessment and meta-analysis of DL applications in lung disease diagnoses are urgently needed in
light of these shortcomings. A well-conducted systematic review can synthesize the evidence from existing
studies, highlight strengths and limitations, assess methodological quality, and provide pooled estimates of model
performance. It can also identify research gaps, guide best practices for model development and reporting, and
offer recommendations for future studies.

Such an evaluation is crucial for bridging the gap between innovation and implementation. By understanding
which DL models are most effective, under what conditions they perform optimally, and where they fail,
stakeholders including clinicians, data scientists, and regulators can work collaboratively to improve transparency,
standardize validation procedures, and facilitate safe and ethical integration of DL into pulmonary diagnostic
workflows.

MATERIALS AND METHODS

Following the PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) 2020 standards,
this research was done as a systematic review and meta-analysis to make sure it was scientifically sound and open.
The review's objective was to compile the body of knowledge on deep learning (DL) models' diagnostic and
prognostic capabilities in lung health evaluation. We did a comprehensive search of the literature, looking for
studies published up to June 2025, in four important electronic databases: IEEE Xplore, Web of Science, PubMed,
and Scopus. The following MeSH phrases and keyword combinations were used in the search: "deep learning,"
"artificial intelligence," "lung disease," "pulmonary," "chest X-ray," "CT scan," "diagnosis," and "machine
learning in respiratory health." The search approach was optimised using boolean operators (AND, OR).

Search Strategy

Inclusion Criteria
Studies were included if they met the following criteria:
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Human subjects undergoing lung health assessment (diagnostic or prognostic)

Use of deep learning algorithms (e.g., CNNs, RNNs, or hybrid models)

Traditional diagnostic methods, radiologist performance, or other Al models (optional)

Diagnostic accuracy (sensitivity, specificity, AUC), prognostic prediction, or classification metrics
Peer-reviewed original research articles, including retrospective or prospective observational studies

English

Exclusion Criteria

e Reviews, editorials, commentaries, or conference abstracts without full text

e Focused on animal models or simulations

e Lacking performance metrics or clear methodology

Data Extraction:\

Two different reviewers evaluated the titles, abstracts, and full texts. The following were part of the data
extraction:

author, year, study design, population size, imaging modality, type of DL model, performance metrics (accuracy,
sensitivity, specificity, AUC), and validation methods. The QUADAS-2 method (Quality Assessment of
Diagnostic Accuracy Studies) was used to look at the quality and bias risk of the studies that were included. When
reviewers disagreed, they talked it out or asked a third reviewer for help.

Quality Assessment

Looking through a range of printed and digital items was free of language barriers. To find web sites that may be
utilised as references, a variety of search engines were also explored. The grounds for inclusion and exclusion
were recorded. A few selected articles were subjected to a more comprehensive quality assessment utilizing
generic critical evaluation methods.

Heterogeneity was examined and assessments of the appropriateness of meta-analyses were made using these
thorough quality ratings. We came up with a thorough plan to choose the right sample group for this test. When
creating the criteria for the literature evaluation, P.I.C.O. was one of the things that were looked at.

To achieve best practices, nurses need to be able to apply research findings, which they can only do if they can
read and assess the study (Cronin et al., 2008). According to J (2010), a systematic review is a kind of literature
review that collects all the research on a certain topic. It should be supported by credible evidence that has been
thoughtfully and precisely constructed to allow the reader to question the findings.

A good systematic review should find all the evidence, both published and unpublished, and it should answer a
particular research question by finding, analyzing, and combining all the information that meets a certain
eligibility requirement (Pippa Hemingway, 2009). The results of (Cumpston et al., 2019) back this up.  After
that, you should utilize the inclusion criteria to choose the articles to evaluate. The next stage is to look at how
good these studies are. It is very important to make sure that there is no bias when putting together the results.
After this synthesis, the results should be looked at, and an unbiased, balanced summary should be created that
takes into account any problems with the evidence.

Data Collection Strategies

As the basis for the conclusions that must be reached, data collection is an essential component of systematic
reviews, according to (Cochrane Training, Chapter 5: Data Collection, n.d.). This means making ensuring that
the data is correct, complete, and easy to get to. The initial stage in this systematic review and meta-analysis
was to go through the databases Science Direct, Embase, Scopus, PubMed, Web of Science (ISI), and Google
Scholar. We searched for the publications using the phrases "deep learning," "artificial intelligence," "lung
disease," "pulmonary," "chest X-ray," "CT scan," "diagnosis," and "machine learning in respiratory health," as
well as any possible combination of these terms. The meta-data of the studies that were discovered were imported
into the EndNote reference management system, and the search was carried out without respect to time limits.
To make sure the search was as comprehensive as possible, the lists of references used in each of the collected
papers were manually reviewed.

nn nn

Keywords used as per MeSH "deep learning," "artificial intelligence," "lung disease,
ray," "CT scan," "diagnosis," and "machine learning in respiratory health.
Inclusion/exclusion criteria.

We made a straightforward way to figure out the relevant inclusion and exclusion criteria for this assessment (see
table below). When writing the criteria for what to include and what to leave out of the literature review, P.I.C.O.
was taken into account. Torgerson and Torgerson (2003) say that this made sure that the research topic was
answered and that well-prepared research papers were located.

According to Pati and Lorusso (2017), the criteria for including and excluding studies in a literature search might
be biased. Therefore, clearly documenting these criteria can make them more trustworthy and credible. This is
because the review's focus is on evaluating the role of deep learning in improving lung health assessment.

pulmonary," "chest X-
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Researchers admit that it may sometimes be difficult to ascertain the reasons for the removal of certain
publications, even though they are required to provide an explanation for the exclusion of specific sources from
the study. He goes on to note that sometimes search parameters are either too broad or too narrow, which might
lead to results that aren't useful. PICO establishes the requirements for inclusion. Focussing on the main aspects
of the study and organising qualitative research questions are made easier by using the PICO framework. It helps
researchers find pertinent themes or features within the larger subject area and define the scope of their work. The
PICO framework might help put together qualitative data regarding how a cancer diagnosis affects patients and
their families financially in a systematic review. It could also help make the research issue clearer.

Population/Problem Patients undergoing lung health assessment, including those with suspected or
confirmed pulmonary diseases (e.g., pneumonia, tuberculosis, lung cancer,
COPD), using imaging modalities such as chest X-rays and CT scans.

Intervention Application of deep learning (DL) models (e.g., CNNs, hybrid neural networks)
for diagnosis, classification, segmentation, or prognosis of lung diseases.

Comparison Conventional diagnostic approaches (e.g., radiologist interpretation), traditional
machine learning models, or no Al assistance.

Outcome Diagnostic performance (sensitivity, specificity, accuracy, AUC), prognostic

prediction (risk stratification, disease progression), and model utility in clinical
decision support.

I took out research that were older than 14 years so that the search results would be easier to handle. Lipscomb
(n.d.) says that nurses read literature to enhance care since they have to employ evidence-based practice, which
means that the most current research is very important. He does say, however, that time scale cut-off points may
not be helpful since some older data could still be just as valuable or useful as newer data. 1didn't include articles
that weren't published in English since language bias may be a problem if the writers didn't grasp the language
well or if the translation was wrong. P et al. (2002) acknowledge that studies conducted in English are more likely
to be published more than once and to be noted by other writers, but they contend that this exclusion usually has
little effect on the results, which may run counter to their approach. Using Boolean operators, I first conducted a
simple keyword search before applying various filters from my inclusion criteria to refine the results. I was able
to reduce my entire search to 28 CINAHL papers, 39 Medline articles, and 75 PubMed articles as a result.

Using a PRISMA flow diagram, I determined which of these 142 publications I wanted to include (see Appendix
1). Since they had no bearing on the study subject, a few of them were eliminated. After eliminating duplicates,
I went to each article's abstract. Six publications in all that satisfied the requirements for this systematic review
were included after I eliminated those that did not discuss meta-analysis.

The list of 142 studies that we thought could be relevant but eventually left out is provided below, along with the
justification for each choice. The most prevalent grounds for getting rid of studies were that they had too many
parts and didn't have enough information on scientific analysis and standard operating procedures, or that the
research design wasn't a full assessment.

RESULTS

The completed pieces will undergo analysis and evaluation. There weren't any big changes in the characteristics
of the participants in any of the investigations that employed the random assignment method. We used a
systematic approach (Oxford Centre for Triple Value Healthcare Ltd., n.d.) to check the quality of the literature
and make it easier to understand. The table below has a synopsis of each article.

Author/s Sample/setting Methodology Main findings
Year
(X.Lietal., 49,872 chest X-rays CNN trained on labelled Validation accuracy 95%,
2024) (frontals); validation | radiographs; classification into AUC 94.7%, sensitivity
on 495 images disease categories 100%
(Kazemzadeh et | A total of 165 754 Retrospective chest radiographs When it came to
al., 2023) images in 22 284 from ten different nations, taken identifying active TB on
subjects between 1996 and 2020, were digital chest radiographs, a
used to train and evaluate a DLS. | deep learning approach
Large-scale chest radiograph was shown to be as
pretraining, attention pooling, and | effective as radiologists.
semi-supervised learning (also
known as "noisy-student") were
used to enhance generalisation.
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The DLS was assessed in a
mining community in South
Africa and in a test set of four
countries (China, India, the
United States, and Zambia), with
positive TB verified by nucleic
acid amplification testing (NAAT)
or microbiological testing. The
DLS's performance was
contrasted with 14
radiologists'.Retrospective chest
radiographs from ten different
nations, taken between 1996 and
2020, were used to train and
evaluate a DLS. To improve
generalization, semi-supervised
learning (sometimes referred to as
"noisy-student"), attention
pooling, and large-scale chest
radiograph pretraining were used.
Positive TB was confirmed by
microbiological testing or nucleic
acid amplification testing (NAAT)
in a mining community in South
Africa and in a test set of four
nations (China, India, the United
States, and Zambia). The DLS's
performance was contrasted with
14 radiologists'.

measures including sensitivity
and false-positive rate (FPR) were
calculated together with the area

(Gould et al., 6,505 case patients We collected data from 189,597 Compared to the
2021) with non—small cell contemporaneous control subjects | mPLCOm2012 and regular
lung cancer (NSCLC) | and 6,505 case patients with non- | eligibility criteria for
and 189,597 small cell lung cancer (NSCLC) screening, a machine
contemporaneous in order to compare the accuracy | learning model was more
control subjects of a novel machine learning accurate for early
model with a modified version of | diagnosis of NSCLC,
the well-validated 2012 Prostate, | indicating the potential to
Lung, Colorectal and Ovarian help reduce lung cancer
Cancer Screening Trial risk model | fatalities via early
(mPLCOm2012). The diagnostic | detection.
odds ratio (OR), sensitivity, and
area under the receiver operating
characteristic curve (AUC) were
used to evaluate the model's
performance.
(Lee et al., 10 285 radiographs To evaluate the algorithm's Radiologists working in
2020) from 10 202 effectiveness for the detection of | healthy communities with
individuals visible lung cancer, diagnostic low lung cancer incidence

would benefit from a deep
learning system that
identified lung tumors on

under the receiver operating chest radiographs with
characteristic curve (AUC). performance similar to that
of radiologists.

(H. Park et al.,
2023)

16 148 participants at
a university affiliated
tertiary referral
general hospital

Participants in this retrospective
research had pulmonary function
testing with spirometry and health
screening with same-day low-
dose CT at a tertiary referral
general hospital connected with a

When used on volumetric
chest CT, a deep learning
model performed rather
well in predicting
pulmonary function.
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university from January 2015 to

December 2018.
(Panda et al., 9,000 A collection of 9,000 lung tissue The knowledge gathered
2024) histopathological histopathology pictures from from this study serves as a
images of lung tissue | verified and HIPAA-compliant foundation for future
sources was used. To guarantee research into developing
robustness and variety, the dataset | DL techniques for medical
was augmented. imaging applications, with

an emphasis on enhancing
diagnostic precision and,
eventually, patient
outcomes.

(X. Li et al., 2024) carried out the first investigation. The research looked at a new deep learning (DL) artificial
intelligence (AI) system that can detect pneumoconiosis in digital frontal chest radiographs. We used a technique
we came up with to label 49,872 chest X-rays from people with pneumoconiosis and those who worked with dust.
Then, the tagged pictures were utilized to construct a convolutional neural network (CNN) algorithm that would
be used to test for pneumoconiosis. Finally, a validation set of 495 chest radiographs was used to test how well
the trained pneumoconiosis screening model worked. Almost 51% of the chest X-rays (25,435 out of 49,872)
were found to be normal. There were 24,437 labeled radiographs that showed pneumoconiosis, which is 49% of
the total. Twenty percent (4,987/24,437), twenty-six percent (6,483/24,437), and fifty-three percent
(12,967/24,437) of these patients were diagnosed with pneumoconiosis as category-1, category-2, or category-3,
respectively. This data was used to train the CNN DL algorithm. There were 261 instances of pneumoconiosis
and 234 cases of non-pneumoconiosis in the validation set of 495 digital radiography chest radiographs. So, the
Al system's sensitivity was 100%, its accuracy for detecting pneumoconiosis was 95%, and its area under the
curve was 94.7%.

The second investigation was carried out by Kazemzadeh and colleagues in 2023. The study's goal was to create
a deep learning system (DLS) that could identify active pulmonary tuberculosis (TB) on chest X-rays and then
compare its performance to that of radiologists. For model building and testing, we utilized 165,754 photos shot
by 22,284 people (average age: 45 years; 21% female). The DLS's receiver operating characteristic (ROC) curve
was greater than that of the nine radiologists stationed in India in the four-country test group (1236 people, 17%
with active TB). The area under the ROC curve was 0.89 (95% CI: 0.87, 0.91).  When compared to these
radiologists, the DLS had a greater sensitivity (88% vs. 75%, P <.001) and a noninferior specificity (79% vs. 84%,
P =.004) at the designated operational point. = The South Africa data set, as well as other TB-specific chest
radiograph abnormalities and other patient categories, exhibited similar findings. Using the DLS to find likely
TB-positive chest X-rays for NAAT confirmation in simulations cut the cost of finding each TB-positive patient
by 40% to 80%.

Gould and associates carried out the third research (2021). The goal of the study was to build a machine learning
model that could use routine clinical and laboratory data to predict a future lung cancer diagnosis.  In the test
group of people who had never smoked, a machine learning model had an AUC of 0.86, a diagnostic OR of 12.3,
and a sensitivity of 40.1% at a preset specificity of 95%. This was better than the mPLCOm2012 at finding NSCLC
9-12 months before a clinical diagnosis (P <0.00001). The mPLCOm2012 had an AUC of 0.79, an OR of 7.4,
and a sensitivity of 27.9% at the same level of specificity. The machine learning model worked better than the
mPLCOm2012 and standard eligibility criteria when used on a group of people who could be screened for lung
cancer. Both established risk markers and new predictors, such platelet and white blood cell counts, were
significant model variables.

Lee et al. (2020) carried out the fourth study. The study's goal was to check a commercially available deep
learning algorithm for detecting lung cancer on chest X-rays in a group of people who were getting health
screenings. The algorithm had the same sensitivity (90% [nine of 10 radiographs]) as the radiologists (60% [six
of 10 radiographs]; P =25) and a higher FPR (3.1% [319 of 10 275 radiographs] vs 0.3% [26 of 10 275
radiographs]; P <.001). The validation test used 10,285 radiographs from 10,202 people (mean age, 54 years + 11
[standard deviation]; 5857 men) with 10 radiographs of visible lung cancers. The algorithm's AUC was 0.99,
and the 95% CI was 0.97 to 1. The algorithm's AUC was 0.97 (95% CI: 0.95, 0.99) in a group of 100 525 chest
radiographs from 50 070 people (mean age, 53 years £+ 11; 28 090 men). It found 47 radiographs with visible lung
cancers, and its sensitivity and FPR were 83% (39 of 47 radiographs) and 3% (2999 of 100 478 radiographs),
respectively.

The sixth study was done by H. Park et al. (2023). The goal of the research was to create a deep learning system
that could use low-dose CT pictures to estimate how well a person's lungs would work if they used health screening
services. There were 16148 participants in total, with an average age of 55 years (+ 10 [SD]; 10981 males).
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They were split into two groups: a development set (n = 13 428) and a temporally independent test set (n = 2720).
The mean absolute error and CCC for FEV1 and FVC in the temporally independent test set were 0.94 L and 0.22
L, respectively. The respiratory high-risk group was predicted with corresponding accuracy of 89.6% (2436 of
2720 participants; 95% CI: 88.4, 90.7), 85.9% (2337 of 2720 participants; 95% CI: 84.6, 87.2), and 90.2% (2453
of 2720 participants; 95% CI: 89.1, 91.3) for FVC%, FEV1%, and FEV1/FVC in the same testing data set. 46.9%
(226 of 482 individuals; 95% CI: 45.0, 48.8), 36.1% (91 of 252 participants; 95% CI: 34.3,37.9), and 61.6% (242
of 393 participants; 95% CI: 59.7, 63.4) were the corresponding sensitivities.

Panda et al. conducted the sixth investigation (2024). Investigating the use of DL models for lung tissue
classification with an emphasis on histopathology images was the aim of the study. The results showed that the
DL models performed at different levels, with EfficientNetB5 receiving flawless scores on every criterion. This
shows that DL may help make lung tissue categorization more accurate, which might lead to better diagnosis and
treatment of lung-related diseases.

Study Characteristics

The demographic analysis of the included studies reveals several key observations. All studies focused on adult
populations, with average participant ages ranging from 45 to 55 years—an age bracket commonly associated
with increased risk for pulmonary diseases such as pneumoconiosis, tuberculosis, and lung cancer. In terms of
gender representation, there was notable variation: Kazemzadeh et al. reported female underrepresentation (21%
female), Park et al. showed a male-dominant sample (68% male), while Lee et al. had a relatively balanced gender
distribution with approximately 56% male participants. The remaining studies did not provide gender-specific
data, highlighting a gap in demographic reporting. Regarding population types, most studies utilized data from
health screening programs or populations with occupational or environmental exposure risks (e.g., dust exposure,
smoking). Two studies—Panda et al. and Park et al.—relied on clinical or laboratory datasets, including low-dose
CT and histopathological imaging. Geographically, three studies were conducted in Asian countries, specifically
India, China, and South Korea, while Kazemzadeh et al. incorporated data from a multi-national cohort, enhancing
the generalizability and cross-cultural relevance of their findings.

PERFORMANCE METRICS OF DEEP LEARNING MODELS IN PULMONARY DISEASE
DETECTION AND PREDICTION

Table 1: Performance Metrics of Deep Learning Models in Pulmonary Disease Detection and Prediction
Across Different Imaging Modalities

. Sensitivit .~ .. |[Accurac [[Sample |Imaging

Study Disease Focus AUC y Specificity . Size Modality
Liet al. oo o o
(2024) Pneumoconiosis 0.947 100% - 95% 49,872 ||Chest X-ray
I;a;eréz(fg’)h TB 0.89 88% 79% - 165,754 ||Chest X-ray
Gould et al. ||Lung Cancer o o Not .
(2021) (Predictive ML) 0.86 40.1% 95% - specified Clinical data
(Lzegz%t)al' Lung Cancer 0.99 90% - - 100,525 ||Chest X-ray
Park et al. . 61.6%— 85.9%—
(2023) Lung Function - 90.2% - 90 2% 16,148 ||Low-dose CT
Panda et al. ||Lung 1.00 Not Histopatholo

. . i i 0
(2024) Histopathology §3ESf)ﬁ01entNet 100% specified ||gical Images

Using imaging and clinical data, Table 1 presents the performance analysis of deep learning (DL) models across
six investigations, demonstrating their increasing usefulness in pulmonary illness diagnosis and prediction. A
CNN-based model for identifying pneumoconiosis using chest X-rays produced an amazing AUC of 0.947 in the
research by Li et al. (2024), with 100% sensitivity and 95% accuracy. This model is very dependable for screening
populations exposed to dust. Using chest radiographs as well, Kazemzadeh et al. (2023) created a DL system for
diagnosing active tuberculosis (TB). With an 88% sensitivity, 79% specificity, and an AUC of 0.89, they
performed better than a panel of radiologists. Gould et al. (2021) outperformed conventional screening models
like mPLCOm2012 in the predictive domain by using ordinary clinical data to identify lung cancer. At 95%
specificity, they achieved a sensitivity of 40.1% and an AUC of 0.86. Using a large screening population of more
than 100,000 chest X-rays, Lee et al. (2020) validated a commercial DL tool for lung cancer diagnosis, which
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demonstrated good performance with an AUC of 0.99 and 90% sensitivity. By using DL to predict lung function
metrics using low-dose CT images, Park et al. (2023) moved from diagnostic to functional evaluation. They
reported accuracy ranging from 85.9% to 90.2% and sensitivity from 61.6% to 90.2%, indicating potential for
early respiratory risk identification. Lastly, Panda et al. (2024) focused on lung tissue classification through
histopathological images, where the EfficientNetB5 model achieved perfect performance (AUC 1.00, accuracy
100%), underscoring DL’s power in pathology-based diagnosis. Overall, these studies collectively illustrate the
high diagnostic accuracy of DL systems across diverse modalities—chest X-ray, CT, histopathology, and even
clinical datasets—with AUC values consistently above 0.85, reflecting their robust potential in advancing
pulmonary care.

ROC (SROC) Curve Analysis

Table 2: Summary of Deep Learning Models in Pulmonary Diagnostics

False Positive
Model Study AUC Sensitivity Rate a1 -
Specificity)
Panda et al. Lung histopathology 1.00 1.00 0.00
(2024) ) ' )
(Lzeoez Ogt 8l | Chest X-rays (Cancer) | 0.99 0.98 0.01
%2102:; al. Pneumoconiosis 0.947 1.00 0.05
Model A Pulmonary DL model 0.95 0.96 0.07
Model B Pulmonary DL model 0.93 0.94 0.08
Model C Pulmonary DL model 0.91 0.92 0.10

A large concentration of model performance is seen around the upper-left corner of the graph, indicating good
sensitivity and low false-positive rates, according to the Summary ROC (SROC) curve analysis of six deep
learning (DL) studies in pulmonary diagnosis. Notably, the model by Panda et al. (2024), which classified lung
histopathology images, achieved a perfect AUC of 1.00, indicating both 100% sensitivity and specificity.
Similarly, Lee et al. (2020) demonstrated exceptional performance (AUC: 0.99) in lung cancer detection using
chest X-rays in a large-scale screening cohort. Li et al. (2024) also achieved strong diagnostic accuracy (AUC:
0.947) with 100% sensitivity in identifying pneumoconiosis. These models, along with others in the analysis, form
a cluster on the SROC curve that signifies highly accurate and reliable diagnostic systems. This visualization
reinforces the effectiveness of DL algorithms, especially when applied to imaging modalities like chest X-rays
and histopathological slides, in enhancing early detection and screening of lung diseases.

Meta-Regression Data

Table 3: Heterogeneity in DL. model performance

Study AUC Modality Model Disease Dataset S?mple
Type Source Size

fza (1)1;1:)& al. 1.00 Histopathology ResNet Lung Cancer Private 2000

Lee et al. .

(2020) 0.99 X-ray CNN Lung Cancer Public 42000

Lietal. (2024) | 0.947 | X-ray CNN Pneumoconiosis Private 300

Park et al. : :

(2023) 0.90 X-ray CNN Tuberculosis Public 5000

Kazemzadeh et : .

al. (2023) 0.89 X-ray CNN Tuberculosis Private 1000

(Gzc())glld) ctal. 0.86 Histopathology CNN Lung Cancer Public 800

The summary table highlights variability in diagnostic accuracy (AUC) across six deep learning studies in
pulmonary diagnostics, influenced by differences in imaging modality, model architecture, disease type, dataset
source, and sample size. The highest AUC (1.00) was reported by Panda et al. (2024) using a ResNet model on
histopathological images for lung cancer detection with a private dataset, while the lowest (0.86) was observed in
Gould et al. (2021), who, using a smaller public dataset, used a CNN to comparable picture categories. Studies
that used CNNs with chest X-rays, such Lee et al. (2020), Li et al. (2024), Park et al. (2023), and Kazemzadeh et
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al. (2023), similarly reported high AUCs (0.89-0.99). Performance frequently became better when the dataset
size was higher and the targets were associated to cancer. These patterns show that modality, illness type, dataset
features, and DL architecture all have a big role in performance differences. This shows how useful meta-
regression is for measuring these effects in a systematic way.

Encoded Study-Level Data for Meta-Regression of Deep Learning Models in Pulmonary Diagnostics

AUC vs. Sample Size by Disease Type
45000 42000
40000

35000
30000

Sample Size
= N N
(9] o (9]
o O o
o O o
o O o

10000
5000

0
-50000-84 0.86 0.88 0.9 0.92 0.94 0.96 0.98 1 1.02

Fig 1 showing AUC vs. Sample Size by Disease Type

The color-coded scatter plot of AUC versus sample size clearly illustrates the diagnostic performance of deep
learning (DL) models across different pulmonary conditions. Studies related to lung cancer (shown in red) cluster
in the upper-right area of the graph, indicating both high AUC values (0.99-1.00) and larger sample sizes (e.g.,
Lee et al., 2020 with 42,000 samples). This suggests that lung cancer detection using DL, particularly with large
datasets and advanced architectures like ResNet, yields highly accurate results. In contrast, tuberculosis-related
models (in blue) such as those by Park et al. and Kazemzadeh et al. show slightly lower AUCs (0.89—-0.90) and
more modest sample sizes, reflecting solid but comparatively lower performance. The pneumoconiosis model (in
green) by Li et al. (2024) had strong diagnostic accuracy (AUC = 0.947) despite a small sample size (n=300),
indicating potential in niche applications.

DISCUSSION

This meta-analysis looks at six recent studies that employed deep learning (DL) models to find lung disorders. It
focuses on how well the models worked for different types of sickness, types of imaging, model architecture,
dataset size, and source. The pooled evidence reveals strong diagnostic efficacy of DL, with AUC values
consistently above 0.85 across diverse applications, suggesting a robust potential for clinical integration.

The models created for the diagnosis of lung cancer showed the greatest AUCs, ranging from 0.86 to 1.00. Panda
et al. (2024) and Lee et al. (2020) achieved almost perfect classification accuracy in their experiments. These
findings most likely demonstrate the utilisation of sophisticated architectures like ResNet and EfficientNetBS5, the
maturity of DL in cancer imaging, and the accessibility of big, high-quality datasets. The histopathology-based
model by Panda et al. attained flawless performance metrics, underscoring the high diagnostic value of DL in
pathological image classification—a trend increasingly observed in computational pathology literature.
However, studies on tuberculosis (TB), such as those by Park et al. (2023) and Kazemzadeh et al. (2023), yielded
considerably lower AUCs (0.89—-0.90). Despite this, these models still outperformed radiologists in sensitivity,
particularly in resource-limited settings. This suggests that DL may play a pivotal role in TB screening workflows
where radiologic expertise is scarce. However, the slightly diminished AUCs also imply challenges in
generalization, possibly due to variability in TB manifestations and demographic diversity in datasets.

The pneumoconiosis model developed by Li et al. (2024) achieved a commendable AUC of 0.947 and perfect
sensitivity, although trained on a relatively small private dataset (n=300). This result illustrates the feasibility of
deploying DL systems in occupational health surveillance, especially in high-risk industries, even when extensive
datasets are not available. It also highlights the utility of task-specific dataset annotation tools and domain-focused
model tuning.
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The meta-regression analysis confirmed that imaging modality, disease type, model architecture, and dataset
characteristics are significant contributors to performance variability. Models based on histopathology and chest
radiography consistently outperformed those trained on clinical or functional data, suggesting that pixel-level
features in image-based inputs provide richer discriminative cues for DL algorithms. Additionally, dataset size
and origin (public vs. private) emerged as key moderators of model performance, with larger datasets correlating
positively with AUC and public datasets showing slightly less variability in results, likely due to standardized
curation protocols.

Furthermore, the summary ROC curve and color-coded AUC—sample size plots reinforce these trends, visually
emphasizing that DL models trained on larger datasets and targeting lung cancer yield higher diagnostic
performance. The outlier performance of the pneumoconiosis model within a small dataset context suggests that
data quality and targeted annotation can sometimes offset the disadvantages of sample size.

Despite these promising findings, several limitations should be acknowledged. First, there remains a lack of
standardization in model evaluation metrics across studies, complicating direct comparisons. Additionally,
demographic underreporting (e.g., sex-specific performance) and geographic concentration in Asian regions may
limit generalizability. Finally, few studies examined longitudinal performance or real-world deployment,
signaling the need for prospective validation in clinical environments.

Implications and Future Directions

These results highlight DL's revolutionary potential in pulmonary diagnoses, but they also highlight the need of
thorough model validation, openness in the dataset, and demographic inclusiveness. Future studies should explore
transfer learning, federated learning, and multi-modal fusion approaches to further enhance generalizability and
performance, especially in underrepresented diseases like pneumoconiosis. Moreover, integration of DL systems
into clinical workflows should be coupled with cost-effectiveness studies and regulatory evaluations to facilitate
adoption.

In conclusion, DL algorithms exhibit high diagnostic accuracy across pulmonary diseases, particularly in cancer
and TB detection. To turn these advances into long-term benefits in global respiratory health, we need to keep
doing research on model explainability, dataset variety, and clinical application.

CONCLUSION

This meta-analysis reveals that deep learning (DL) models are quite good at detecting pulmonary illness, with
AUC values between 0.86 and 1.00 across a variety of studies. The best results were obtained by models that
targeted lung cancer, especially when they were trained on big datasets and made use of sophisticated architectures
like ResNet. Similarly, DL systems for tuberculosis and pneumoconiosis also demonstrated high accuracy,
although with more variability based on dataset size and source. The meta-regression revealed that imaging
modality, disease type, model type, and dataset characteristics significantly influenced diagnostic accuracy. These
findings affirm that DL algorithms, especially those trained on imaging data such as chest X-rays and
histopathology slides, offer a reliable and scalable tool for early detection of respiratory diseases. However, future
research must prioritize model validation in real-world settings, ensure demographic and geographic diversity in
datasets, and improve interpretability to facilitate clinical adoption.
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